Abstract: Non-contact sensors are gaining popularity in clinical settings to monitor the vital parameters of patients. In this study, we used a non-contact sensor device to monitor vital parameters like the heart rate, respiration rate, and heart rate variability of hemodialysis (HD) patients for a period of 23 weeks during their HD sessions. During these 23 weeks, a total number of 3237 HD sessions were observed. Out of 109 patients enrolled in the study, 78 patients reported clinical events such as muscle spasms, inpatient stays, emergency visits or even death during the study period. We analyzed the sensor data of these two groups of patients, namely an event and no-event group. We found a statistically significant difference in the heart rates, respiration rates, and some heart rate variability parameters among the two groups of patients when their means were compared using an independent sample t-test. We further developed a supervised machine-learning-based prediction model to predict event or no-event based on the sensor data and demographic information. A mean area under curve (ROC AUC) of 90.16% with 96.21% mean precision, and 88.47% mean recall was achieved. Our findings point towards the novel use of non-contact sensors in clinical settings to monitor the vital parameters of patients and the further development of early warning solutions using artificial intelligence (AI) for the prediction of clinical events. These models could assist healthcare professionals in taking decisions and designing better care plans for patients by early detecting changes to vital parameters.
Introduction
Hemodialysis (HD) has been one treatment of choice for renal replacement therapy among patients with possible renal dysfunction [1] . Hemodialysis uses an apparatus to filter blood that can be carried and considered in this study were sudden death (SD), emergency visit (ER), muscle spasm (MS), inpatient (IP), emergency visit and inpatient (ERIP).
Data Collection
Patient data were collected using a piezo-electric non-contact sensor system that measured respiration rate (RR), heart rate (HR), and body movement data (MD). These vital parameters of the patients were captured during the HD sessions for a period of 23 weeks from March 2016 to August 2016. The sensor unit was placed under the mattress and had no direct contact with the patient. The sensor system used in this study was developed by EarlySense Ltd., Ramat Gan, Israel [24] . When this sensor is kept under the mattress, a force is applied to the sensor that comes from three sources. These sources are gross body movement, chest wall movement, and recoil of the body due to the cardio-ballistic effect. The latter two are related to respiration effort and stroke volume. The signals generated by the sensor can be separated into motion, respiration and ballistocardiogram (BCG) waveforms, from which MD, RR and HR can be obtained, respectively [24] . The sensor system for patient monitoring in hospital settings has been validated and used in many clinical studies [22, [25] [26] [27] . Similarly, the heart rate variability parameters like high frequency (HF), low frequency (LF), the ratio of HF-LF (HF/LF), and very low frequency (VLF) were also obtained from the raw BCG waveforms [28, 29] . The heart rate variability (HRV) parameters including HR, RR, and MD were processed from the raw data and provided to us by a data scientist from EarlySense Ltd. The final dataset we received contained the mean of every 30 s for HR, RR, MD, and all the HRV parameters along with the date and patient ID (without revealing the personal identity of the patient). The demographic data like gender, age, height, and weight of the patients was also obtained during the study using a predesigned form.
Data Cleaning and Feature Extraction
There were some errors, missing values, and duplicate data files in the raw dataset. The raw data was cleaned to remove all the errors, missing values, and duplicate data files. This was done programmatically in the Python programming language and using the library pandas. The errors were the presence of the values 0 and −1 or missing values in some data fields. The entire row was deleted if it had either of these errors in any of its data fields. In the case of duplicate data files for the same HD session, the file which had the lesser number of data readings was ignored and that with data readings was selected. We had the following data variables after data cleaning and arranging the data from different files into a single data file:
Patient ID, date of session, RR, MD, HR, and HRV parameters like HF, LF, HF/LF, VLF, and (VLF+LF)/HF. We also had demographic details of the patients like the gender, age, height, and weight of the patients.
Since HRV parameters will be accurate only when the patient is relaxed and stable, we considered only those data samples in the analysis when the patient was in a stable and non-moving condition [30] . Therefore, we utilized the body movement data and further shortlisted only those data samples where the value of MD was less than a threshold of 30 amplitudes. Further, we extracted data samples for the vital parameters from the first five minutes (FFM) and last five minutes (LFM) of HD sessions. The reason for extracting FFM and LFM was to see the change in the vital parameters as the HD session progresses. The FFM data was extracted from the early period of the HD session and LFM was extracted from the end period of the session, since the short-term recording (5 min) of HRV is sufficient for monitoring the autonomic nervous system [31] . Therefore, in this study, instead of considering HRV and other recorded vital parameters for a complete length of the HD session, only 5 min of data samples from the beginning and end of the HD session were considered. We also extracted the total number of HD sessions a patient had attended and the total number of clinical events reported by a patient. In addition, the body mass index (BMI) of each patient was calculated from the height, weight and gender data information of the patient. Finally, we had the following variables:
Patient ID, Number of Sessions, Number of Events , Time_FFM, HR_FFM, RR_FFM, MD_FFM,  HF_FFM, LF_FFM, HF/LF_FFM, VLF_FFM, (VLF+LF)/HF_FFM, Time_LFM, HR_LFM, RR_LFM,  MD_LFM, HF_LFM, LF_LFM, HF/LF_LFM, VLF_LFM, (VLF+LF) /HF_LFM, Gender, Age, Weight, Height, BMI, and Class. Here, the variable "Class" represents the two categories of patients, one in which the patient had reported any of the five mentioned clinical events and the other in which patient had not reported any clinical event. We selected a subset of features from the above-mentioned features as input variables. The backward elimination method was used to select an optimal subset of features.
Model Development
In this work, we developed three predictive models. In each model, we tested five supervised machine-learning-based classification algorithms. We will call these classification algorithms classifiers. The classifiers used in each model were logistic regression (LR) [32, 33] , k-nearest neighbor (kNN) [34, 35] , adaptive boosting (AdaBoost) [36, 37] , random forest (RF) [38, 39] , and support vector machine (SVM) [40] . The results of the performance of the various classifiers are reported in the next section. To develop these classifiers, we used the Python distribution Anaconda of version 5.1.0 and various libraries of scikit-learn 0.19.1 [41] . Each parameter recorded was sampled at the period of 30 s i.e., and for each 30 s we have one reading for all the vital parameters recorded by sensor. The basic difference between the three models being discussed in this study is the number of samples selected in each model. In model 1, we considered all the data samples selected for FFM and LFM. For each five-minute data we had 10 readings of all the vital parameters at the rate of 30 s. In model 2, we considered one sample for each HD session from each patient. The considered sample was the mean of all samples of FFM and LFM for that HD session. In this model, we also added more input features. These features are the variance of FFM and LFM of all the vital parameters. In model 3, we considered only one data sample corresponding to each patient by further taking out the mean of all the input features present in model 2. A block diagram of the predictive model is shown in Figure 1 . Time_FFM, HR_FFM, RR_FFM, MD_FFM,  HF_FFM, LF_FFM, HF/LF_FFM, VLF_FFM, (VLF+LF)/HF_FFM, Time_LFM, HR_LFM, RR_LFM,  MD_LFM, HF_LFM, LF_LFM, HF/LF_LFM, VLF_LFM, (VLF+LF) /HF_LFM, Gender, Age, Weight, Height, BMI, and Class. Here, the variable "Class" represents the two categories of patients, one in which the patient had reported any of the five mentioned clinical events and the other in which patient had not reported any clinical event. We selected a subset of features from the abovementioned features as input variables. The backward elimination method was used to select an optimal subset of features.
In this work, we developed three predictive models. In each model, we tested five supervised machine-learning-based classification algorithms. We will call these classification algorithms classifiers. The classifiers used in each model were logistic regression (LR) [32, 33] , k-nearest neighbor (kNN) [34, 35] , adaptive boosting (AdaBoost) [36, 37] , random forest (RF) [38, 39] , and support vector machine (SVM) [40] . The results of the performance of the various classifiers are reported in the next section. To develop these classifiers, we used the Python distribution Anaconda of version 5.1.0 and various libraries of scikit-learn 0.19.1 [41] . Each parameter recorded was sampled at the period of 30 s i.e., and for each 30 s we have one reading for all the vital parameters recorded by sensor. The basic difference between the three models being discussed in this study is the number of samples selected in each model. In model 1, we considered all the data samples selected for FFM and LFM. For each five-minute data we had 10 readings of all the vital parameters at the rate of 30 s. In model 2, we considered one sample for each HD session from each patient. The considered sample was the mean of all samples of FFM and LFM for that HD session. In this model, we also added more input features. These features are the variance of FFM and LFM of all the vital parameters. In model 3, we considered only one data sample corresponding to each patient by further taking out the mean of all the input features present in model 2. A block diagram of the predictive model is shown in Figure 1 . The models developed in this study are being trained and tested on two datasets. Since, the number of HD sessions undergone by each patient was different, there were chances of overfitting the classifiers. As some patients had a greater number of HD sessions, they had more data samples in comparison with other patients. Therefore, we selected data samples from 15 recent HD sessions for each patient. In this process, data samples of 105 patients who had undergone at least 15 HD sessions were selected and we discarded the data samples of the remaining four patients. Of these 105 patients, 76 had reported an event during the study period and 29 had not reported any event. In this way, we separated two datasets, one with data samples from all the HD sessions for all the patients and one with data samples taken only from the most-recent 15 HD sessions.
The dataset in which data samples from all HD sessions was considered had 109 patients who underwent a total number of 3237 HD sessions. Therefore, for this dataset, model 1 had a total number of 32,370 data samples. Model 2 had 3237 data samples and model 3 had 109 data samples. The data set in which data samples from the 15 recent HD sessions were selected had a total number of 105 patients with 1575 HD sessions. Therefore, model 1 had 15,750 data samples, model 2 had 1575 data samples and model 3 had 105 data samples.
Model Validation
There is unequal representation of the two classes because the number of patients from the event class is much higher than the number of patients from the no event class. To overcome this imbalance in the data we used the synthetic minority over-sampling technique (SMOTE) [42] . In this technique, the minority class is over-sampled to balance the representation of both the classes. This is done by "taking each minority class data point and introducing synthetic examples along the line segments joining any or all of the k-minority class nearest neighbors" [43] . The process is repeated until the representation of both classes becomes approximately equal. This approach can be implemented in several open-source software (e.g., the R Programming Language, Python, and Weka). More information on SMOTE is available in reference [42] . In this study, SMOTE was applied only to the training dataset and the testing dataset was left unchanged. To validate the model, we used the stratified k-fold cross-validation method [44] . In stratified cross-validation, the folds are selected such that the percentage of samples is preserved for each class. In each fold of the validation, the testing dataset was first balanced using SMOTE and then the classifier was trained.
In this study, the precision, recall, accuracy and receiver operating characteristic area under curve (ROC AUC) were used as evaluation measures to evaluate the performance of the various classifiers being developed [45] . A brief description of all these measures are given below: 2.5.1. Precision Precision (P) is the fraction of true positives (TP) predicted to the total predicted positives i.e., true positives plus false positives (FP). In some scenarios, it is also called as confidence. Precision is defined as:
Recall
The recall is the fraction of TP predicted from the total of real positives i.e., true positive plus false negatives. It is also sometimes referred to as sensitivity. The recall is an important measure in the context of medical or clinical studies because it identifies all real positive cases. It is also important in ROC analysis in which it is referred to as the true positive rate. It is defined as:
Accuracy
Accuracy is one of the most intuitive and basic performance measures for any ML model. It is not a good criterion by which to evaluate any model when the dataset is imbalanced. However, it is a good measure for a balanced dataset where all the classes to be classified are equally represented. It can be defined as:
Receiver Operating Characteristic
This is one of the most important and widely accepted evaluation criteria. It compares the true positive rate (TPR) and the false positive rate (FPR). It is created by plotting the TPR against the FPR. TPR i.e., sensitivity or recall is already defined above and FPR can be defined as follows:
Descriptive Analyses and Independent t-Test
We used SPSS 22.0 (IBM, Armonk, NY, USA) to carry out basic statistical analyses of the data. Descriptive analyses were used to examine the baseline characteristics. Differences in the HR, RR and HRV parameters between the event and no-event groups were examined using the independent samples t-test. The P value is described in terms of rejecting the null hypothesis when it is true. The null hypothesis is usually a hypothesis of no difference (i.e., no difference in a variable among the two groups). The term alpha refers to a pre-chosen probability and the term "p value" is the calculated probability. The choice of the significance level at which the null hypothesis can be rejected is subjective. Conventionally, the 5%, 1% and 0.1% (p < 0.05, 0.01 and 0.001) levels have been used.
In this study, the statistical significance (alpha) was set at p < 0.05. We selected the level of significance i.e., alpha = 0.05 so that the probability of making a wrong decision is at most 5% when the null hypothesis is true and also to balance the tradeoff between type 1 and type 2 errors. It also keeps the type 2 errors within acceptable limit and does not reject a null hypothesis (even if there is a significant difference when it is false). A type I error is the false rejection of the null hypothesis and a type II error is the false acceptance of the null hypothesis. While testing the hypothesis on the difference in mean for the event and no-event samples, we had two samples (for the event and no-event group) with different sizes. However, the differences in sample size have been accounted for in the computation of t-statistics (that is, in the estimation of the standard error of difference) for the hypothesis testing.
Sample Size
Since this study is in the medical domain, we have inherent limitations on our sample size due to problems associated with data collection from patients. We validated the sample size requirements for this study statistically. We determined the sample size requirement based on our assumption of a 50% prevalence rate and an error margin of 10% at the 95% confidence level. The required sample size turned out to be, n = 96. We used the standard formula for sample size determination used in cross-sectional studies [46] .
Results
The baseline characteristics of the data used in this study are presented in Table 1 . The values are presented for both the datasets considered in the study, namely the one that had 109 patients with data for all HD sessions and the other which had 105 patients with data from the most recent 15 HD sessions. Of 109 patients, 78 patients suffered from clinical event(s) and 31 patients did not report any clinical event during the whole period of HD. The total number of clinical events reported by patients during the study period was 166 and the frequency of events reported per patient ranged from 1-9. The distribution of different types of events is presented in A descriptive analysis was carried out in which the mean of all the variables was compared between the event group and the no-event group and are shown in Table 3 . This was carried out on data samples selected from 15 recent HD sessions. A total number of n = 11,400 data samples were from the event group of patients and n = 4350 were from the no-event group of patients. We found that the mean heart rate, respiration rate and some HRV parameters were significantly different between the two groups. The mean heart rate and respiration rate of both the first five minutes and the last five minutes were different in the two groups with p < 0.0001. The mean heart rate of the first five minutes and last five minutes in the event group were found to be higher than those in the non-event group (FFM: 75.58 vs. 70.56 and LFM: 75.85 vs 70.61). Similarly, the respiration rate was also observed to be different among the two groups. It is also higher in the event group as compared to the no-event group (FFM: 17.80 vs. 16.48 and LFM: 17.49 vs. 16.11).
A statistically significant difference was found in the mean values of the vital parameters among event and no-event patients. Therefore, it became the basis for proceeding with further data analytics. As mentioned in the previous section, three predictive models were developed to predict the clinical event. The models were validated using the stratified k-fold cross validation method where k = 10.
In model 1 and model 2, the dataset was divided into a training and validation set in each fold at the observation level, and at the patient level in model 3. In models 1 and 2, a single patient had many data samples, i.e., observations, therefore data splitting in these models occurred at observation level. However, each patient had a single corresponding data sample in model 3, therefore the data splitting occurred at the patient level in this model. In each model, we tried and tested various classification methods like kNN, AdaBoost, SVM, RF and logistic regression (LR). When these classifiers were trained using the dataset in which data samples from all the HD sessions of patients were considered, the performance of the AdaBoost classifier which is an ensemble ML technique, was found to be better in all the models. kNN and SVM also performed well in model 1 and model 2. In model 1, a mean accuracy of 89.48% was achieved using kNN with 96.21% mean precision and 88.47% mean recall. The mean area under curve (AUC) was 90.16% in kNN classifier of model 1. Similarily, in AdaBoost the mean accuracy of 83.81% was achieved with mean precision, recall and AUC at 94.07%, 82.09%, and 83.81% respectively. In model 1, the mean accuracy of SVM was 76.94% with mean precision and mean recall of 90.19% and 75.28%, respectively, whereas in random forest and logistic regression the classifier recall was 62.84% and 59.76%, respectively. A decent accuracy with high precision, recall and area under ROC curve were obtained through the AdaBoost, kNN and SVM classifiers in model 1 and AdaBoost further performed better in model 2 and model 3 among other classifiers.
When we used data samples from recent 15 HD sessions to train the models, the performance of the classifiers was in line with those reported using data samples from all HD sessions. The mean accuracy of the kNN classifier was observed to be 87.95% with 89.01% AUC, 96.35% precision and 86.64% recall. The performance of the AdaBoost classifier in model 1, when this dataset was used, was also similar. A mean AUC of 85.38% with 81.86% recall and 95.09% precision was observed. The comparison of all the classifiers under each model considering various evaluation criteria was shown in Table 4 , when data samples from all the HD sessions were considered in developing the model. In Table 5 , evaluations of all the classifiers are shown when the models were developed using only the data samples from the 15 recent HD sessions. The ROC AUC plots of all the models depicting the mean area under the curve is presented in Figures 2-7 . The ROC AUC plots of each classifier under each model when the data samples from all the HD sessions were considered are shown in Figures 2-4 , respectively, and the ROC AUC plots when data samples from the 15 recent HD session were considered are shown in Figures 5-7 , respectively. 
Discussion
In this study, we presented the novel use of non-contact sensor data in clinical settings during the process of HD of 109 patients. Hemodialysis is a procedure to purify the blood when the kidneys stop functioning normally. Hemodialysis may cause certain complications like cardiovascular, noncardiovascular, and cerebrovascular issues, and even sudden death. During the 3237 HD sessions and 23 weeks of this study, we found that 78 patients reported 166 episodes of clinical events. We compared the differences among the group of patients who reported clinical events to those who did not report any clinical event. We found a statistically significant difference in the heart rates and respiration rates (p < 0.0001) recorded by the non-contact sensors among the two groups of patients. Various HRV parameters also showed significant differences, like high frequency and low frequency. The heart rate in both the first five minutes and last five minutes was found to be higher in the event group of patients compared to the no-event group of patients by an almost five-point basis. A similar pattern was observed for the respiration rate. Our findings suggest that an increased heart rate and respiration rate indicates the unwellness of the patient and that some kind of clinical event may happen in the near future that needs attention and care in advance.
It is further observed that the mean heart rate values of the last five minutes (HR_LFM) were slightly higher than the heart rate values for the first five minutes (HR_FFM). Various studies conducted in the past also point towards an increase in heart rate during HD [47] [48] [49] [50] . This phenomenon is observed across both groups of patients. It is generally observed that the heart rate increases during HD because of the removal of excess body water, which triggers a significant increase in the heart rate. This finding is consistent with those reported in the literature. The mean values of all vital parameters are shown in Table 3 . The basic statistical analysis shows differences in the values of most of the vital parameters among the two groups of patients that were also found to be statistically significant.
The performance of the developed predictive models was also in line with the statistical findings. We obtained very high accuracy for our ML-based predictive models. In this study, we demonstrated the use of non-contact sensors to monitor the vital parameters of patients during HD and in the early prediction of any clinical event that may occur during the period of hemodialysisbased treatment. The results of our study show the possibility of accurately and precisely predicting chances in a clinical event. Although we were dealing with a smaller dataset, the model we developed still performed extremely well. If we evaluate our dataset in terms of the frequency of data points, we had a reasonable number of data samples, namely 32,370. However, if we evaluate our dataset in terms of individual patients, we had only 109 data points, which is very few to train a ML model. Model 1 exploited the large frequency of our dataset, whereas model 3 relied on the individual patients. In model 1, we achieved 90.16% ROC with a recall rate of 88.47% with a kNN classifier and ROC of 84.97%, with a recall of 82.09% in the AdaBoost classifier. In model 2, we achieved 80.36% ROC with a recall rate of 80.73% with an AdaBoost classifier. Recall or sensitivity analysis was an 
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The performance of the developed predictive models was also in line with the statistical findings. We obtained very high accuracy for our ML-based predictive models. In this study, we demonstrated the use of non-contact sensors to monitor the vital parameters of patients during HD and in the early prediction of any clinical event that may occur during the period of hemodialysis-based treatment. The results of our study show the possibility of accurately and precisely predicting chances in a clinical event. Although we were dealing with a smaller dataset, the model we developed still performed extremely well. If we evaluate our dataset in terms of the frequency of data points, we had a reasonable number of data samples, namely 32,370. However, if we evaluate our dataset in terms of individual patients, we had only 109 data points, which is very few to train a ML model. Model 1 exploited the large frequency of our dataset, whereas model 3 relied on the individual patients. In model 1, we achieved 90.16% ROC with a recall rate of 88.47% with a kNN classifier and ROC of 84.97%, with a recall of 82.09% in the AdaBoost classifier. In model 2, we achieved 80.36% ROC with a recall rate of 80.73% with an AdaBoost classifier. Recall or sensitivity analysis was an important measure in the context of our study. It tells us the rate of predicting true positives. A high recall rate was achieved in this study, which validates the practicality of an early warning system based predictive analytics using non-contact sensor data in hospital settings. This type of system can alert the healthcare provider, physicians, and healthcare professionals so that they provide extra care to the patient and the patient can be saved from any forthcoming life-threatening clinical events.
In our model, we selected a subset of variables from the available variables. We used heart rate and respiration rate, two features that had HF and LF from the HRV along with age, gender and BMI as input features in our models. The rest of the available variables were not considered as input features for the models. The notion behind selecting HR and RR is that they are the two main vital parameters used for continuous patient monitoring. The objective of this study was to understand whether we can make early predictions of clinical events by monitoring these vital parameters. The HRV parameters are basically variables derived from the heart rate. HRV is related to the autonomic nervous system. High frequency is linked to the parasympathetic nervous system (PSNS) and LF is linked to the sympathetic nervous system (SNS), as reported in the literature [51] . The other HRV variables were not considered as input features because they did not have enough influence on the outcome of the classifiers. Therefore, we considered these variables as important markers for the prediction of the physiological health of patients. Further, there are various methods for deciding the best subset of features [52] reported in the literature, namely the filter method, wrapper method, and embedded method. We used the backward elimination technique of the wrapper method for feature selection, which showed optimum performance for the predictive models developed in this study.
We found that under real circumstances the use of non-contact sensors is highly beneficial in two ways. Firstly, it provides the continuous monitoring of the vital parameters of the patient during the HD session. It can help the physician or the care provider to take a decision in providing better care and comfort to the patients. Secondly, this data can be used for analyses and the prediction of any clinical emergency. It could predict event occurrences based on the increased heart rate and respiration rate during HD. Although it would be early to say that the proposed supervised ML-based predictive model could be used in real life, on the basis of the obtained results we suggest that more such studies are conducted using non-contact sensors in clinical settings. These proposed studies could validate the findings of this study and further be useful in the development of a more robust predictive application to predict clinical events in advance.
Limitations of This Study
We had certain limitations in this study in terms of the clinical variables available for analysis. We had only three critical parameters in our dataset to build our model, i.e., heart rate, respiration rate, and HRV parameters. The inclusion of other vital parameters like blood pressure and patient's medical history could add more weight to such predictive modeling approaches. One of the major issues observed in HD is the sudden death of patients, including various other events like ER visits or inpatient stays due to cardiovascular problems, infection, renal problems, etc. During this study, six people suffered sudden death. It was one of our objectives to develop a multi-class prediction model that is able to predict chances of different events occurring in advance. We had details of the medical issues reported during the clinical event in the form of International Classification of Diseases (ICD) codes, but the number of cases reported was very low. Therefore, in this study we limited our analysis to a binary classification model instead of building a multi-class classification model.
Conclusions
The initial findings and the performance of the predictive model developed using this data are highly encouraging. It is also a novel application for non-contact sensors in clinical settings, especially for HD patients. The authors found very few studies that used AI for the prediction of events in liver transplant patients, but could not find any study using AI on sensor data to predict clinical events in HD patients. On the basis of our findings, we recommend further studies using non-contact sensors to monitor the vital parameters of chronic kidney disease (CKD) patients during HD. This can be utilized to predict the possibility of medical problems in HD patients in advance. In addition, as a part of future work, we are further interested in analyzing this data more specifically using the available ICD code information reported during clinical events. This will enable us to identify whether there is any difference in the recordings when the event is reported as compared to when it is not reported. Furthermore, a patient might have reported several issues during the reporting of clinical events. It will be intriguing to learn whether there is any association between the different types of medical issues reported by the patients and the trends between different patients as far as the association of different medical issues are concerned. We also plan to check the importance of each feature variable used in the ML models. It will be intriguing to learn which feature variable has greater impact on the efficiency of the developed predictive ML models. 
